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A B S T R A C T

Extreme heat shocks are increasingly linked to poor economic and health outcomes. This paper
constructs hour-degree bins of temperature exposure to assess the effects of extreme heat on
early child nutrition, a health outcome correlated with educational attainment and income in
adulthood. Linking 15 rounds of repeated cross-section data from five West African countries
to geo-coded weather data, we find that extreme heat exposure increases the prevalence of
both chronic and acute malnutrition. We find that a 2 ◦C rise in temperature will increase
the prevalence of stunting by 7.4 percentage points, reversing the progress made on improving
nutrition during our study period.

. Introduction

Rising global temperatures are a manifestation of anthropogenic climate change (Christensen et al., 2007). A large and growing
vidence base documents the economic effects of a changing climate: rising temperatures reduce GDP (Burke et al., 2015; Kahn
t al., 2019; Newell et al., 2018), agricultural yields (Schlenker and Lobell, 2010; Schlenker and Roberts, 2009), and TFP (Ortiz-
obea et al., 2018). A related literature assesses the impacts of rising temperatures on human health. Much of this work focuses
n two outcomes: mortality (Banerjee and Maharaj, 2020; Barreca, 2012; Burgess et al., 2017; Deschênes, 2014; Deschênes and
reenstone, 2011; Gasparrini et al., 2015; Geruso and Spears, 2018; McMichael et al., 2008; Meierrieksa, 2021) and birthweight

Deschênes et al., 2009; Grace et al., 2015; Strand et al., 2011).
A nascent branch of the weather–health literature also demonstrates linkages between high temperatures and child undernutrition

Baker and Anttila-Hughes, 2020; Randell et al., 2020; Thiede and Strube, 2020). Nutrition in early childhood is important from both
health standpoint and an economic one as it has critical implications for long-term economic development. In utero exposure to
igh temperatures, for example, has been linked to health and welfare in adulthood (Barron et al., 2018; Fishman et al., 2019; Hu and
i, 2019). Earlier work has also shown the linkages between extreme rainfall shocks during early childhood and later life outcomes
Alderman et al., 2006; Hoddinott and Kinsey, 2001; Maccini and Yang, 2009). This work primarily focuses on agriculture as the
echanism between rainfall and child nutrition. Extreme heat may also stunt child growth through reduced agricultural production

s well as through increasing the risk of infectious disease (because microbes tend to thrive in warm environments) or through
irect, physiological effects on child health (Zivin and Shrader, 2016). Infants and young children may be especially vulnerable
o direct effects of temperature shocks on health because they are unable to monitor or react to their own heat stress (Zivin and
hrader, 2016).

✩ This paper received financial support from the African Development Bank, Tunisia through the Structural Transformation of African Agriculture and Rural
paces (STAARS) project led by Chris Barrett at Cornell University. This paper has benefited from presentation at the AERE annual meeting, the AAEA annual
eeting, and the University of Michigan’s Sustainability and Development conference. We also thank participants at internal seminars at Cornell University for

heir feedback.
∗ Corresponding author.
E-mail address: sab433@cornell.edu (S. Blom).
vailable online 24 June 2022
095-0696/© 2022 The Author(s). Published by Elsevier Inc. This is an open access article under the CC BY license
http://creativecommons.org/licenses/by/4.0/).

ttps://doi.org/10.1016/j.jeem.2022.102698
eceived 20 May 2021

http://www.elsevier.com/locate/jeem
http://www.elsevier.com/locate/jeem
mailto:sab433@cornell.edu
https://doi.org/10.1016/j.jeem.2022.102698
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jeem.2022.102698&domain=pdf
https://doi.org/10.1016/j.jeem.2022.102698
http://creativecommons.org/licenses/by/4.0/


Journal of Environmental Economics and Management 115 (2022) 102698S. Blom et al.

c
n
n
c
1
e
v
w

o
e
m
m
r
g
a
B
n

a
B
f
o
(

This paper estimates the cumulative effects of heat on child nutrition. We construct precise measures of heat exposure by
alculating hour-degree bins of exposure to extreme heat. We use this measure to test the hypothesis that lifetime heat exposure
egatively affects chronic nutrition as measured by height-for-age z-scores (HAZ) and recent heat exposure negatively affects acute
utrition as measured by weight-for-height z-scores (WHZ). We test these hypotheses in the West African context linking data
ollected by the Demographic and Health Surveys (DHS) Program in Benin, Burkina Faso, Côte d’Ivoire, Ghana, and Togo between
993 and 2014 with a gridded weather dataset from the Princeton Terrestrial Hydrology Research Group. We interact local fixed
ffects with interview month and year to control for both seasonality and annual trends at the local level. This leaves us with temporal
ariation stemming from differences in children’s dates of birth to identify effects on HAZ and a combination of within-region and
ithin-month, inter-annual variation to identify effects on WHZ.

We focus on children aged 3–36 months, an understudied group in the weather–health literature. Much of the prior work focuses
n the effects of heat exposure in utero (Banerjee and Maharaj, 2020; Deschênes et al., 2009; Geruso and Spears, 2018; Kudamatsu
t al., 2012) but less is known about the postnatal, preschool age group and, within this age group, precisely when children are
ost vulnerable to heat shocks. Our approach deviates from the existing weather–nutrition work to-date, which primarily uses
ean monthly temperatures or deviations in annual temperature to measure heat shocks and is designed to capture agriculture-

elated effects of heat exposure. While our approach might underestimate the agricultural channel because it treats heat during the
rowing season the same as heat during other seasons, we expect that it will better capture effects through alternate channels, such
s illness. This choice was motivated by the relative scarcity of weather–health literature examining channels other than agriculture.
y examining heat exposure in this way, we hope to gain a more comprehensive understanding of the risks of extreme heat to child
utrition.

We focus on West Africa for several reasons. It is a historically warm area of sub-Saharan Africa where maximum temperatures
verage 32 ◦C, the temperature threshold at which several papers have found effects on mortality (Banerjee and Maharaj, 2020;
arreca, 2012; Deschênes and Greenstone, 2011) and an area that is at high risk of experiencing frequent deadly heat waves in the
uture (Mora et al.). West Africa is also an area where child malnutrition remains a concern. Western Africa has the highest rate
f under-five wasting in Africa (8.5% compared with the continental mean of 7.4%) and a concerningly high stunting rate (31.4%)
UNICEF and WHO and World Bank, 2017).

We find that lifetime exposure to temperatures above 35 ◦C decreases HAZ and recent exposure to temperatures in the 30–35 ◦C
range decreases WHZ. We find the magnitude of the effects to be nutritionally and economically meaningful: 100 h of mean monthly
lifetime exposure above 35 ◦C – corresponding to approximately twelve days per month with max temperatures above 35 ◦C –
increases the stunting rate by 5.9 percentage points. One hundred hours of mean monthly exposure to 30–35 ◦C heat during the
previous 90 days – corresponding to approximately fourteen days per month with max temperatures above 30 ◦C – increases the
wasting rate by 2.2 percentage points. These effects equate to 18% and 16% increases in the prevalence of stunting and wasting,
respectively. Ceteris paribus, a permanent 2 ◦C rise in temperature will almost double the mean effect on the stunting rate, rising from
4.0 percentage points to 7.4 percentage points. Within our dataset, we find that the average decrease in stunting rates (comparing
the first and last survey rounds within each country—a fifteen year period, on average) was 5.8 percentage points. Our results
indicate that a 2 ◦C rise in temperature will effectively reverse this progress on improving child nutrition.

Our findings are robust to several common econometric concerns in the weather and health literature. In our main HAZ
specification, we address concerns about in utero heat exposure by controlling for in utero weather exposure and find that this
does not affect our estimates of post-natal heat exposure. We also adjust for seasonality in birth outcomes by controlling locally
for month of birth and include universal year of birth controls to adjust for other year-to-year shocks that might affect nutrition.
While these controls absorb some of our identifying variation, our main findings hold. We show that our specification is insensitive
to additional household-level controls and that our findings our also robust to finer geographic fixed effects (at the cluster level).
Lastly, we conduct a placebo test, randomly re-assigning heat exposure across children in our sample and find near-zero effects.

The remainder of our paper is structured as follows. In the next section, we describe our data sources and sample in more detail.
Section 3 explains how we construct our anthropometric outcomes, temperature measures, and control variables. Section 4 describes
our empirical strategy. Section 5 presents our results, summarizes our main mechanism findings, and presents estimated mean effects
on our nutrition outcomes from predicted rises in temperature. Section 6 concludes.

2. Data

To determine whether heat exposure affects child nutrition, we require data with several features. First, we need multiple rounds
of surveys with sufficient geographical and temporal spread to control for the confounding effects of location and time. Second, these
data must include measured heights and weights of children collected in a comparable manner across surveys. Third, these data
must come from a geographic area where there is exposure to temperatures that are sufficiently high for there to be a biologically
plausible impact on health and nutrition. Fourth, these data must be geo-referenced so that we can link them to a weather dataset
containing information on temperature and precipitation.

2.1. Demographic and Health Surveys

The DHS program, which administers comparable household surveys in developing countries to collect nationally representative
health, nutrition and demographic data for policy and programming purposes, meets these criteria. We use 15 geo-referenced survey
2

rounds from five contiguous countries in West Africa (survey years in parentheses) where maximum temperatures regularly exceed
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Fig. 1. DHS cluster locations and region boundaries.

30 ◦C: Benin (1996, 2001), Burkina Faso (1993, 1999, 2010), Côte d’Ivoire (1994, 1998, 2012), Ghana (1993, 1998, 2003, 2008,
2014), and Togo (1998, 2013).1

DHS uses a stratified two-stage sampling design. First, enumeration areas (EAs) are randomly selected from census files,
stratifying by region2 and urban/rural residence. Within the selected EAs, herein referred to as clusters, households are randomly
selected for interviewing. Within these households, all women of reproductive age (15–49 years) are interviewed. Enumerators also
collect coordinates of the cluster location allowing us to link the DHS data to other geo-coded data, including temperature data, at
the cluster level. To maintain confidentiality of respondents, DHS randomly displaces the coordinates of the clusters up to 2 km in
urban areas and up to 5 km in rural areas, with a further 1% of rural clusters displaced up to 10 km. The direction of displacement
is randomly chosen, with the caveat that coordinates are not displaced outside of the region. This displacement introduces classical
measurement error and thus has the potential to bias our estimates downward. We do not attempt to correct for the displacement
because weather data is highly spatially correlated at short distances so any potential correction (for example, a weighted average
of weather from nearby grids) is unlikely to have any discernable effect. Approximately 1% of the clusters were not geo-referenced
and hence were dropped from the sample (see Appendix A). Fig. 1 maps the cluster locations from our final 15 survey rounds.

Anthropometric data is collected in all rounds for children aged 0–36 months.3 We restrict our sample to resident children of
interviewed mothers aged 3–36 months.4 We impose the lower bound on this age range because we examine exposure during the
three months prior to measurement. We impose the upper bound because of the evidence provided in the nutrition literature that
shows limited impacts of shocks after the age of 24 to 36 months (Black et al., 2013). This yields a sample size of 34,994. Of
these, 398 children are from the 1% of clusters that are not geo-referenced. A further 2256 observations are missing child-level
anthropometric data or have implausible anthropometric measurements and an additional 304 are missing (or have implausible)

1 We exclude Benin (2012), Burkina Faso (2003), and Togo (1988), because despite meeting our minimum data requirements (available GPS data),
the anthropometric data was of too poor quality to use. Benin 2012 anthropometric data was such poor quality that it was not reported in the DHS
report. Concerns were raised about the quality of Burkina Faso 2003’s anthropometric data in a DHS methodological report on data quality issues: https:
//www.dhsprogram.com/pubs/pdf/MR16/MR16.pdf. Approximately half of the children in the Togo 1988 survey round were missing height data.

2 Region is the first administrative level, for example: department, state, or province.
3 In the later rounds, anthropometric data is also collected for children aged 37–59 months.
4 In some (but not all) survey rounds, all children present in the household at the time of interview were measured. We restrict the sample to resident

children (as opposed to visiting children) because: interviewed mothers may not know the birthdates of these children, potentially introducing measurement
error into our dependent variable; we only have the GPS locations of interviewed households; and we do not know where children who have migrated in or
have been fostered in originate from and hence we cannot match temperature data to the locations that they originate from.
3

https://www.dhsprogram.com/pubs/pdf/MR16/MR16.pdf
https://www.dhsprogram.com/pubs/pdf/MR16/MR16.pdf


Journal of Environmental Economics and Management 115 (2022) 102698S. Blom et al.

R
a

r
p

Table 1
Means of anthropometric outcomes by survey round.

Country Year Sample HAZ Stunted WHZ Wasted

mean (sd) pct (sd) mean (sd) pct (sd)

All – 32,036 −1.3 1.66 0.32 0.47 −0.6 1.37 0.14 0.35
Benin 1996 2,242 −1.4 1.67 0.37 0.48 −0.7 1.37 0.17 0.37
– 2001 2,552 −1.4 1.72 0.36 0.48 −0.5 1.39 0.13 0.34
Burkina Faso 1993 2,369 −1.3 1.74 0.35 0.48 −0.8 1.43 0.19 0.39
– 1999 2,483 −1.6 1.84 0.40 0.49 −1.0 1.36 0.22 0.42
– 2010 3,549 −1.3 1.68 0.35 0.48 −0.9 1.44 0.20 0.40
Côte d’Ivoire 1994 2,944 −1.3 1.58 0.32 0.47 −0.4 1.28 0.10 0.31
– 1998 881 −1.1 1.66 0.27 0.44 −0.2 1.39 0.08 0.27
– 2012 1,920 −1.1 1.61 0.28 0.45 −0.3 1.25 0.09 0.29
Ghana 1993 1,715 −1.4 1.64 0.35 0.48 −0.6 1.39 0.14 0.35
– 1998 1,566 −1.2 1.63 0.28 0.45 −0.7 1.34 0.13 0.34
– 2003 1,781 −1.3 1.63 0.34 0.47 −0.4 1.43 0.12 0.32
– 2008 1,365 −0.9 1.75 0.25 0.43 −0.4 1.47 0.13 0.33
– 2014 1,575 −0.9 1.35 0.20 0.40 −0.4 1.15 0.07 0.25
Togo 1998 3,239 −1.3 1.64 0.34 0.47 −0.7 1.33 0.15 0.36
– 2013 1,855 −1.1 1.41 0.25 0.43 −0.4 1.18 0.10 0.30

maternal height measurements. Restricting the sample to those with non-missing data reduced the final sample size to 32,036
children. Table 1 describes the contribution of each country-year survey round to our sample. Ghana contributed the most survey
rounds of data, but the largest number of children came from Burkina Faso. No single country contributed fewer than 15% or more
than 27% of the observations. Further details on these data can be found in Appendix A.

2.2. Global Meteorological Forcing Dataset

The Global Meteorological Forcing Dataset (GMFD) is a globally gridded dataset available from the Terrestrial Hydrology
esearch Group at Princeton University that provides daily near-surface temperature and precipitation data from 1948 to 2016
t a 0.25◦ × 0.25◦ spatial resolution. This degree of resolution roughly equates to 28 km × 28 km grid squares. This dataset was

created from several observational meteorological datasets and National Centers for Environment Prediction/National Center for
Atmosphere Research (NCEP/NCAR) reanalysis data (Sheffield et al., 2006).5

Fig. 2 illustrates trends of mean temperature by country. Mean temperatures range from approximately 26.5 ◦C in Côte d’Ivoire to
approximately 28.5 ◦C in Burkina Faso. Burkina Faso is the hottest country in our sample with its proximity to the Sahara. The other
four countries, which lay south of Burkina Faso and have coastline along the Atlantic Ocean, have more moderate temperatures.
However, all five follow similar year-to-year patterns with noticeable heat waves in 1987, 1998, and 2010.

Following Schlenker and Roberts (2009), we fit a sine curve to the daily minimum and maximum temperatures for each grid
square to approximate the temperature throughout the day. We assume a symmetric daily temperature curve, where temperature
goes from the minimum to the maximum and down to the same minimum again. If the threshold falls between the minimum and
maximum temperatures (say 30 ◦C), the amount of time above a particular threshold is the amount of time between the two time
points the temperature curve crosses the threshold. If the minimum temperature is above the threshold, the exposure time is the
full day (24 h), and if the maximum temperature is below the threshold, the exposure time is 0 h.

The health literature has not established safe temperature thresholds (with respect to human health), instead, it refers to
dangerous body temperatures rather than air temperatures as there is some variation in human capacity to withstand heat. However,
the National Oceanic and Atmospheric Administration (NOAA) issues warnings of extreme caution above a heat index of 90◦F
(approximately 31 ◦C at 50% relative humidity, or 28 ◦C at 100% relative humidity). Banerjee and Maharaj (2020), Barreca (2012),
and Deschênes and Greenstone (2011) all find effects on mortality at air temperatures above 90◦F (32 ◦C), while Burgess et al.
(2017) and Deschênes et al. (2009) also find effects on birthweight and mortality at lower temperature thresholds: >75◦F (24 ◦C)
and >65◦F (18 ◦C), respectively. Geruso and Spears (2018) find increased infant mortality above wet bulb temperatures of 85◦F
(39 ◦C at 50% relative humidity, 29 ◦C at 100% relative humidity). Note that the near-surface temperatures monitored by the GMFD
are dry-bulb measures. We use these data, rather than the wet-bulb temperature, which accounts for relative humidity, because of
the findings of Geruso and Spears (2018). Their work indicated that wet-bulb temperatures above 85◦F increased infant mortality,
but these results were driven by high wet-bulb temperatures in Asia and Latin America, not in West Africa.

Given that there are some differences in the findings as to what the dangerous temperature thresholds are, we follow the standard
binning approach to allow our model to flexibly determine if there is a dangerous temperature threshold with respect to children’s
nutrition. We create bins that count the number of hours each day that fall in the following bins: ≤25 ◦C, (25–30] ◦C, (30–35] ◦C,
and >35 ◦C. Note our highest two temperature bins are where many of the aforementioned mortality results were found. The mean

5 The GMFD dataset is one of the few publicly available datasets that have both daily temperature and precipitation and have the temporal and spatial spread
equired for our analysis. It yields a similar number of hot days in Africa as the Climate Hazards Center’s CHIRTS Daily dataset (CHIRTS Daily , (n.d.)) and has
4

reviously been used in a number of health studies (Baker, 2020; Davenport et al., 2017, 2020; Grace et al., 2015).



Journal of Environmental Economics and Management 115 (2022) 102698S. Blom et al.
Fig. 2. Mean temperature trends by country.

temperatures in all five of our sample countries fall into the (25–30] ◦C bin. Minimum temperatures range from 21–23 ◦C, and
hence fall in the ≤25 ◦C bin.

As noted by Deschênes (2014), the binning approach, that is, counting the number of days for which daily temperatures (usually
mean temperatures) fall within specific temperature intervals, is increasingly the norm in the weather–health literature. In our
paper, we estimate the number of hours in each temperature bin. In this way, we can better capture the intensity of temperature
exposure. Because children’s thermal regulation systems are underdeveloped making children more susceptible to variations in heat
than adults, we argue that it is important to use this more precise measure of heat exposure.

We link the DHS data to the weather data at the cluster level using the GPS coordinates of the DHS cluster and the grid squares.
The weather data of a particular grid square is matched to a cluster if the cluster falls within that grid square. Most clusters are
uniquely matched to one of the grid squares in the weather dataset. Fewer than 3% of the clusters fall within the same grid square
as another cluster.

3. Summary statistics

We provide descriptive statistics for our anthropometric outcomes (HAZ and WHZ), our measures of temperature and precipita-
tion as well as the control variables we use in our regressions.

3.1. Dependent variables

Our outcomes of interest, HAZ and WHZ, are standardized anthropometric measures that capture different dimensions of
nutritional status. HAZ and WHZ are the number of standard deviations (SD) above or below the gender- and age-specific median
anthropometric measure. We calculate HAZ and WHZ using the 2006 WHO Child Growth Standards (WHO Multicentre Growth
Reference Study Group, 2006).

HAZ measure chronic undernutrition. A child with an HAZ below −2 SD is considered to be stunted. If high temperatures slow
growth in height, we would see a negative effect of heat on HAZ and an increase in stunting rates. There is now a considerable body
of evidence showing that shocks that reduce the HAZ of children in resource-constrained households are rarely offset by subsequent
more rapid linear growth. A marker of nutritional insults, lower HAZ are linked to poorer learning outcomes in childhood and lower
incomes in adulthood (Black et al., 2013; Hoddinott et al., 2013).

WHZ measure acute malnutrition and reflect short-term shocks. A child with a WHZ below −2 SD is considered to be wasted.
A child with a WHZ below −3 SD is considered to be severely wasted. If high temperatures affect a child’s weight, as might be the
case if a child has heat stress-induced diarrhea, then we should see a negative effect of heat exposure on WHZ and an increase in
wasting rates. Severe wasting is associated with a higher risk of infant and child mortality (Black et al., 2013).

Our final sample includes 32,036 children aged 3–36 months with a mean HAZ of −1.3 SD and a mean WHZ of −0.6 SD. The
prevalence of stunting is 31% and the prevalence of wasting is 14%. Table 1 presents these summary statistics for the sample as a
whole, as well as by survey round.
5
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Fig. 3. Mean monthly hours in each temperature bin by exposure window: lifetime exposure (left) and last 90 days (right). Notes: For each child in our sample,
we calculate the temperature at every hour of every day she has been alive. Lifetime exposure is the total number of hours in each 5 ◦C temperature bin from
a child’s date of birth to the date of interview. To make exposure levels comparable, we divide lifetime exposure by exact age of the child (in months) and
report mean monthly lifetime exposure. Last 90 days’ exposure is the number of hours in each 5 ◦C temperature bin in the 90 days prior to date of interview.
Mean monthly recent exposure is the last 90 days’ exposure divided by three.

3.2. Independent variables

3.2.1. Weather
As described above, we bin hours of exposure into one of four temperature bins: ≤25 ◦C, (25–30 ◦C], (30–35 ◦C], and >35 ◦C.

We consider different windows of temperature exposure depending on the outcome under study. For HAZ, which reflect chronic
malnutrition, we consider lifetime exposure. Because WHZ reflect acute malnutrition, we look at recent heat exposure: the 90 days
prior to the date of interview. We consider a 90 day period of exposure as it is a long enough period in which we might see changes
in weight and a short enough period in which children are unlikely to have already recovered from a serious shock. (We explore
the sensitivity of the length of exposure in Section 5.3 Robustness Checks.) We scale all temperature exposure variables to be in
mean hours per month so that the effects obtained from different exposure windows are comparable. Because the total number of
hours in all four bins equals a constant (in the case of recent exposure, total exposure is 90 days × 24 h = 2160 h), including all
bins in a regression will result in multicollinearity. We thus omit the ≤25 ◦C bin in our regression models, so the effects of hours
in other bins are interpreted as relative to the effect of the omitted ≤25 ◦C bin.

Fig. 3 illustrates the distribution of mean monthly hours in each temperature bin for both exposure periods. Because we scale
the time in exposure periods to be in mean monthly hours, the total number of hours of exposure is 720 h (30 days × 24 h). The
median number of hours in the ≤25 ◦C bin, 123 h for lifetime exposure and 140 h for recent exposure, represent slightly less than
one quarter of the total time in the exposure window. The 25–30 ◦C bin is the densest with a median 310 h of lifetime exposure
and 348 h of recent exposure. That these are the densest bins is unsurprising since mean temperatures fall between 25 and 30 ◦C.
The 30–35 ◦C bins each have just over 200 h of median exposure, while the >35 ◦C bins are the smallest with less than 100 h of
median exposure. Almost a third of the children were not exposed to >35 ◦C temperatures in the prior 3 months while all but 846
had been in their lifetime.

The heat exposure distributions differ slightly because of the timing of the interviews. Although interviews take place through out
the year (the precise dates vary by survey round), the modal interview month was October, followed by September and November.
This implies that there are a disproportionate number of observations whose recent exposure periods for these interview months
occur in July, August, and September, the coldest months of the year in our study countries. In terms of lifetime exposure, only
the children aged 3, 15, and 27 months would be ‘overexposed’ to the cooler months, so mean lifetime exposure to >35 ◦C heat is
higher than mean recent exposure.

Precipitation is correlated with temperature and might impact children’s nutrition through effects on agricultural production
or increased disease. Precipitation might thus confound the relationship between temperature and children’s nutrition. The GMFD
dataset provides daily rainfall, from which we construct precipitation aggregates which cover the same exposure periods for which
we construct our temperature variables. We similarly scale precipitation to be in mean millimeters per month.

3.2.2. Determinants of nutrition
Determinants of children’s nutrition have been well studied (Smith and Haddad, 1999; Black et al., 2013). We broadly categorize

these determinants into child-level, mother-level, and household-level determinants. Child-level determinants include child’s sex,
6
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Table 2
Means (and standard deviations) of determinants of nutrition by country.

Benin Burkina Côte Ghana Togo Total
Faso d’Ivoire

Child is female 0.5 0.5 0.5 0.5 0.5 0.5
(0.50) (0.50) (0.50) (0.50) (0.50) (0.50)

Child’s age (mon) 18.1 18.2 18.4 18.2 18.3 18.2
(9.63) (9.56) (9.51) (9.47) (9.64) (9.55)

Child birth size 2.8 2.7 2.5 2.6 2.7 2.7
(0.95) (0.96) (1.09) (1.00) (1.05) (1.01)

Eldest child 0.2 0.2 0.2 0.2 0.2 0.2
(0.40) (0.38) (0.40) (0.41) (0.39) (0.40)

Mother’s age (yr) 28.3 28.4 27.8 29.3 29.4 28.7
(6.68) (6.87) (6.96) (6.86) (6.84) (6.87)

Mother’s educ (yr) 1.1 1.0 1.9 4.5 2.2 2.2
(2.44) (2.60) (3.16) (4.53) (3.10) (3.61)

Mother’s height (cm) 158.2 161.6 159.0 158.9 158.9 159.5
(6.16) (6.01) (6.24) (6.55) (6.13) (6.36)

Water source: well 0.5 0.7 0.5 0.4 0.5 0.5
(0.50) (0.43) (0.50) (0.50) (0.50) (0.50)

Water source: piped 0.3 0.2 0.4 0.3 0.2 0.3
(0.46) (0.40) (0.50) (0.45) (0.43) (0.45)

Improved latrine 0.1 0.1 0.4 0.3 0.2 0.2
(0.33) (0.32) (0.48) (0.47) (0.40) (0.42)

Wealth quintile 2.8 2.9 3.0 2.8 2.8 2.9
(1.45) (1.38) (1.41) (1.40) (1.39) (1.40)

Note: Child birth size as reported by the mother, ranges from 1 (very large) to 5 (very small).

age (in months),6 size at birth (reported by the mother on a scale of 1, very large, to 5, very small),7 and being the eldest child.
Mother-level determinants include mother’s age (in years), education (in years), and height (in cm). Household-level determinants
include household access to a water source (well, piped, or neither), household access to an improved latrine (which includes flush
toilet or ventilation-improved latrine), and household wealth quintile where wealth is proxied with an asset index, following Filmer
and Pritchett (2001).

Table 2 summarizes the main determinants of children’s nutrition by country. Half of the children are female, the mean age
of the child is approximately 18 months, 20% of children are first-born, and the mean mother’s age is 29 years. There is little
variation in these demographic variables across countries. Mother’s height and household dependency ratio also vary minimally
across countries. However, mother’s education varies substantially between countries from a low of 1 year in Benin and Burkina
Faso to a high of 5 years in Ghana. Forty percent of households in Côte d’Ivoire have piped water and improved latrines compared
with just 20% of households in Burkina Faso and Togo. Note that wealth quintiles were generated within each country-year survey
round and so are not comparable across countries.

4. Empirical strategy

In this section we describe the empirical strategies to test: (1) whether lifetime exposure to high temperature negatively impacts
HAZ and increases stunting rates, and (2) whether recent exposure to high temperatures negatively affects children’s nutrition in
the short term as measured by WHZ and wasting rates. We also explain how we estimate heterogeneous effects by age.

We follow the standard empirical strategy in the weather-economics literature of employing spatial and temporal fixed effects
to control for differences in nutrition due to expected variation in weather. For the chronic malnutrition models, we rely solely on
temporal variation to identify causal effects by employing fixed effects at the cell-level–the smallest unit in the weather dataset,
eliminating all spatial variation. We then interact the cells with month and year of interview such that the remaining temporal
variation stems from differences in dates of birth. In other words, we are comparing different aged children who live in same
location and are interviewed at the same time. To control for age and timing of birth, we include several additional controls. First,
we flexibly control for age to account for the known nonlinear relationship between age and HAZ with a set of 32 fixed effects, one
for each month of age (3–35). Second, to address concerns about seasonality of birth outcomes, we also adjust locally for month of
birth (using region by month-of-birth fixed effects). Third, we include universal year-of-birth controls to control for any other time
varying factors that might affect child nutrition year to year.8

6 In our analysis, we always control for age non-linearly using fixed effects for each age in months (3–35).
7 Birth size is not reported for 1.4% (462/32,036) of the sample. We replace missing data on birth size with ‘medium’ birth size (the average birth size),

nd show in the robustness section that this assumption has a negligible effect on our estimates by re-estimating our main model using only the observations
ith non-missing information on size at birth.
8 Note that including local age controls or local year of birth controls would be collinear with our exposure variable and hence eliminate the remaining
7

emporal variation that we rely on for identification.



Journal of Environmental Economics and Management 115 (2022) 102698S. Blom et al.

c
v
b
i
w

c
t
(
v
s
l
c

m
b
i

W
c

It is important to note that the ideal dataset for this analysis would comprise multiple cohorts of children such that we could
ompare same-aged children born in the same location but different years. Unfortunately, such data are hard to come by. That our
ariation stems from differences in ages could lead to biased estimates if age was related to average heat exposure. Then, the heat
in estimates might be capturing the relationship between age and child nutrition that occurs through heat events. However, it
s difficult to imagine plausible scenarios in which this might occur, especially given that we have multiple survey rounds which
ould require this relationship to hold across time.

For the acute malnutrition models, we use region-level fixed effects, where regions are the first administrative level within a
ountry.9 We separately interact the region fixed effects with controls for month of interview and with controls for year of interview
o allow us to control for local seasonality and local year-to-year trends in child nutrition. This leaves us with some temporal variation
comparing children who live in the same region and are interviewed in the same month but in different years) and some spatial
ariation (comparing children who are interviewed in the same month and year but who live in different climatic areas within the
ame region). Unfortunately, because clusters are not repeatedly sampled, we cannot employ fixed effects at a smaller geographic
evel for the acute malnutrition models as that would eliminate both the spatial and temporal variation. These estimates therefore
annot be thought of as causal.

We model the chronic nutritional status, 𝑁 , of child 𝑖 in cell 𝑐 of region 𝑟 on day 𝑑 of month 𝑚 and year 𝑦 in the following way:

𝑁𝑖𝑐𝑟𝑑𝑚𝑦 =
∑

𝑙
𝛽𝑙1𝑇

𝑙
𝑐𝑑𝑚𝑦 + 𝛽2𝑊𝑐𝑑𝑚𝑦 + 𝛽3𝑋𝑖𝑐𝑟 + 𝛾𝑐𝑚𝑦 + 𝜖𝑖𝑐𝑟𝑑𝑚𝑦 (1)

And we model the acute nutritional status, 𝑁 , of child 𝑖 in cell 𝑐 of region 𝑟 on day 𝑑 of month 𝑚 and year 𝑦 as:

𝑁𝑖𝑐𝑟𝑑𝑚𝑦 =
∑

𝑙
𝛽𝑙1𝑇

𝑙
𝑐𝑑𝑚𝑦 + 𝛽2𝑊𝑐𝑑𝑚𝑦 + 𝛽3𝑋𝑖𝑐𝑟 + 𝜂𝑟𝑚 + 𝜈𝑟𝑦 + 𝜖𝑖𝑐𝑟𝑑𝑚𝑦 (2)

𝑁𝑖𝑐𝑟𝑑𝑚𝑦 is the measure of child nutrition: HAZ, stunted, WHZ, or wasted. The time periods over which 𝑇 𝑙
𝑐𝑑𝑚𝑦 and 𝑊𝑐𝑑𝑚𝑦 are

easured depend on whether HAZ or WHZ is the outcome of interest. For HAZ, we examine average lifetime exposure (from date-of-
irth, 𝑎, to date-of-interview, 𝑑), such that 𝑇 𝑙

𝑐𝑑𝑚𝑦 =
1

(𝑑−𝑎)∕30
∑𝑑

𝑛=𝑎 𝑙𝑗𝑐𝑛 is the mean number of hours per month in each temperature bin 𝑙

n cell 𝑐 over the child’s lifetime. For WHZ, we measure exposure in the 90 days prior to the day-of-interview, 𝑑: 𝑇 𝑙
𝑐𝑑𝑚𝑦 =

1
3
∑𝑑

𝑛=𝑑−90 𝑙𝑐𝑛
is the mean number of hours per month in each temperature bin 𝑙 in cell 𝑐 in the 90 days prior to the date of interview. We re-scale
𝑇 𝑙
𝑐𝑑𝑚𝑦 to be in hundreds of hours. Our coefficient of interest, 𝛽𝑙1, can be interpreted as the effect on nutrition of an increase of 100 h

in temperature bin, 𝑙, relative to the omitted temperature bin, ≤25 ◦C.
𝑊𝑐𝑑𝑚𝑦 is a vector of weather controls, including categorical precipitation controls (<100 mm, 100–200 mm, 200–300 mm, or

>300 mm) for mean monthly precipitation during the exposure period. For the HAZ models, 𝑊𝑐𝑑𝑚𝑦 also includes temperature and
precipitation bins for the in utero period, and are defined in the same way as the lifetime exposure bins. We do not control for in
utero exposure for the WHZ models.

𝑋𝑖𝑐𝑟 is a vector containing the child-level, mother-level, and household-level determinants of nutrition described in the previous
section. For the HAZ models, 𝑋𝑖𝑐𝑟 also includes the additional region by month-of-birth controls and universal year-of-birth controls.
𝛾𝑐𝑚𝑦 are the cell-month-year fixed effects and 𝜂𝑟𝑚 and 𝜈𝑟𝑦 are the region-month and region-year fixed effects, respectively.

We estimate these models using ordinary least squares and calculate the spatial heteroscedasticity-autocorrelation-consistent
(HAC) standard errors introduced by Conley (1999) using the code by Hsiang (2010), with a distance parameter of 100 km (using
the Barlett spatial weighting kernel with linear decay) and a time lag parameter of 3 years (where the time variable is year of
interview).

To test whether effects of exposure to temperature bin 𝑙 vary by age, we estimate the above models with the addition of an
interaction term, 𝑇 𝑙

𝑐𝑑𝑚𝑦 ×𝐴𝑖𝑐𝑟. Because of concerns about age heaping due to rounding of ages (see Larsen et al., 2019), we construct
age categories that center around the most frequently reported ages, which are multiples of 3 months: 3–4, 5–7, 8–10, 11–13, 14–16,
17–19, 20–22, 23–25, 26–28, 29–31, 32–34, 35–36. This categorization means that the first and last age groups are narrower than
the rest. The age-specific treatment effects are represented by 𝛽𝑙1 plus the coefficient on the interaction term.

5. Results

5.1. Effect of lifetime heat exposure on chronic malnutrition

We first examine the effects of lifetime heat exposure on measures of chronic malnutrition. Table 3 presents the estimates of these
effects obtained from estimating Equation (1). Column (1) presents estimates with only fixed effects, Column (2) presents estimates
with fixed effects and weather controls, Column (3) presents estimates with fixed effects, weather controls, and demographic controls
without year-of-birth controls, Column (4) presents estimates with the aforementioned controls plus year-of-birth controls, and
Column (5) presents the adjusted estimates of heat on the binary stunting indicator (HAZ < −2 SD).10 We report the coefficients on
the full set of controls for each of these models in Appendix B. Once we include control variables, we find no evidence that exposure

9 Regions are geographically small areas, generally smaller than 200 km by 200 km in size.
10 As expected, the year-of-birth controls absorb some of the identifying variation in the chronic malnutrition models and reduce power to detect an effect.
e separate out estimates with and without the year-of-birth controls to show that the magnitude of the effect remains consistent even with the year-of-birth
8

ontrols.
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Table 3
Effects of lifetime heat exposure on HAZ and stunting.

HAZ Stunted

(1) (2) (3) (4) (5)

Hours 25–30 −0.315 −0.254 −0.186 −0.100 0.034
(0.337) (0.400) (0.134) (0.141) (0.038)

Hours 30–35 −0.494* −0.382 −0.065 −0.038 0.008
(0.279) (0.334) (0.109) (0.111) (0.032)

Hours >35 −0.728** −0.802** −0.300*** −0.168 0.059**
(0.313) (0.375) (0.115) (0.122) (0.030)

Cell × Y × M FE Yes Yes Yes Yes Yes
Weather controls No Yes Yes Yes Yes
Demographic controls No No Yes Yes Yes
YOB controls No No No Yes Yes

N 32,036 32,036 32,036 32,036 32,036
R2 0.47 0.47 0.60 0.60 0.51
Mean −1.28 −1.28 −1.28 −1.28 0.32

Notes: Hour-degree bins are relative to the omitted bin, <25 ◦C. Hours are mean hours, in hundreds, per month
over the exposure window. Fixed effects are with respect to timing of interview. See Empirical Strategy for full
list of controls. Spatial-HAC standard errors are in parentheses. ***𝑝 < 0.01, **𝑝 < 0.05, *𝑝 < 0.1.

Fig. 4. Age-specific effects of 100 h of mean monthly lifetime exposure to >35 ◦C on HAZ and stunting.

to 25–35 ◦C heat affects chronic malnutrition differently than temperatures below 25 ◦C. However, exposure to temperatures above
35 ◦C decreases HAZ and increases the risk of stunting. HAZ falls by 0.17–0.30 SD for each 100 h of exposure above 35 ◦C relative
to exposure to temperatures below 25 ◦C. Given a mean HAZ of −1.28 SD, this represents an approximate 18% decrease in HAZ.
Similarly, 100 h of exposure above 35 ◦C increases the prevalence of stunting by 5.9 percentage points, an 18% increase in stunting
given the prevalence of 32%. Note, however, that mean exposure to hours above 35 ◦C is 67 h, so the effects of a mean level of
exposure are two-thirds of the aforementioned effects: for a child exposed to the average level of heat exposure above 35 ◦C, her
HAZ decreases by 0.11–0.20 SD and her risk of stunting increases by 4.0 percentage points.

The full sample results obscure sizable differences in the effects of extreme heat across ages, illustrated in Fig. 4. The figure shows
that the effects of lifetime heat exposure accumulate between 6 and 12 months. The effect of a 100 h increase in mean monthly
lifetime exposure to temperatures above 35 ◦C is approximately four tenths of a standard deviation among children aged 12–36
months. For a 12 month old, with a mean HAZ of −0.94 SD and a 23% probability of being stunted, 100 h spent at temperatures
above 35 ◦C instead of temperatures below 25 ◦C decreases her HAZ by 40% and increases her risk of stunting by about the same
amount. Appendix B reports the age-specific coefficients and corresponding standard errors.

That estimates remain constant beyond 12 months suggests that children do not recover from these heat shocks, a finding that is
consistent with evidence that shocks to chronic malnutrition are largely irreversible. That the effects do not continue accumulating
beyond 12 months may be due to physiological improvements in heat-regulation or immune system functioning, or changes in
behavioral responses to heat shocks, health seeking actions, or other related nutrition-improving behaviors that minimize further
impacts. There may also be selection as a result of the most vulnerable children also being most likely to die, leading to an
underestimate of the true effects at higher ages. Selection may also explain the null effect for the youngest children—we know
from prior literature that heat is linked with higher rates of infant mortality (Banerjee and Maharaj, 2020; Geruso and Spears,
2018). Thus the observed group of 3–6 month-olds may be those who are relatively resilient to extreme heat.
9
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Table 4
Effects of heat exposure in the last 90 days on WHZ and wasting.

WHZ Wasted Sev wasted

(1) (2) (3) (4) (5) (6)

Hours 25–30 0.105*** 0.014 0.014 −0.004 −0.006 −0.003
(0.033) (0.038) (0.038) (0.036) (0.010) (0.005)

Hours 30–35 −0.063** −0.110*** −0.109*** −0.099*** 0.022*** 0.014***
(0.031) (0.037) (0.036) (0.035) (0.008) (0.005)

Hours >35 −0.032 −0.022 −0.018 0.029 −0.002 −0.014
(0.038) (0.053) (0.053) (0.052) (0.015) (0.009)

Reg × Y, Reg × M FE No Yes Yes Yes Yes Yes
Weather controls No No Yes Yes Yes Yes
Demographic controls No No No Yes Yes Yes

N 32,036 32,036 32,036 32,036 32,036 32,036
R2 0.18 0.22 0.23 0.28 0.22 0.10
Mean −0.60 −0.60 −0.60 −0.60 0.14 0.05

Notes: Hour-degree bins are relative to the omitted bin, <25 ◦C. Hours are mean hours, in hundreds, per month
over the exposure window. Fixed effects are with respect to timing of interview. See Empirical Strategy for full
list of controls. Spatial-HAC standard errors are in parentheses. ***𝑝 < 0.01, **𝑝 < 0.05, *𝑝 < 0.1.

Fig. 5. Age-specific effects of 100 h of mean monthly exposure to 30–35 ◦C in the last 90 days on WHZ and stunting.

.2. Effect of recent heat exposure on acute malnutrition

We next examine the effect of heat exposure on measures of acute malnutrition. Table 4 presents unadjusted estimates of the
ffect of heat exposure on WHZ in Column (1). Column (4) is our preferred specification with a full set of demographic controls
nd space–time fixed effects. Our results indicate that WHZ decrease with exposure to 30–35 ◦C heat, and that once controlling for
his temperature exposure, extreme heat (>35 ◦C) does not have an additional impact on WHZ.

WHZ decrease by 0.10 SD per 100 h increase in mean monthly exposure to temperatures in the 30–35 ◦C (relative to exposure
o temperatures below 25 ◦C). If exposed to the mean level of exposure to 30–35 ◦C (185 h), the effect on WHZ is a decrease of
.18 SD. Column (5) shows that a 100 h increase in mean monthly exposure to 30–35 ◦C heat increases the probability of wasting
y 2.2 percentage points. Given a wasting rate of 14% in this sample, a 100 h increase in exposure to 30–35 ◦C corresponds to a
6% increase in the prevalence of wasting. The effect on the prevalence of severe wasting (WHZ < −3) is slightly smaller with a
.4 percentage point increase per 100 h increase in exposure to 30–35 ◦C heat (Column (6)).

We next tested whether the short-term effects of heat exposure vary by age. Fig. 5 plots the age-specific effects of recent exposure
o 30–35 ◦C heat on WHZ and wasting. Note that in these models, we only allow the effect of hours in the 30–35 ◦C bin to vary by
ge. Allowing the other temperature bin effects to vary by age does little to reduce the model’s MSE but increases the uncertainty
n the coefficient estimates.

For the youngest children (3–6 months), there was no discernible effect of heat exposure on WHZ or wasting. As with HAZ,
he effects of recent heat exposure on acute malnutrition materialize after 6 months. From 9–15 months, an additional 100 h of
ean monthly exposure to 30–35 ◦C heat decreases WHZ by approximately a tenth of a standard deviation and increases the risk

f wasting by about 4 percentage points. However, the figure illustrates that the effects persist until about 15 months but diminish
hereafter.
10
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Fig. 6. HAZ specification chart.

.3. Robustness checks

We estimate several alternate specifications to assuage the reader of a number of misspecification concerns. These are visualized
n Figs. 6 and 7. First, the reader may be concerned about the endogeneity of such household characteristics as wealth and sanitation
n our main specification. We show that, after controlling for child’s age, our estimates are insensitive to the inclusion of any other
hild-, mother-, or household-level controls. A related concern may relate to bias arising from omitted covariates. For example,
f larger families tend to live in warmer areas, then a model that excludes family size may simply be capturing the relationship
etween family size and child nutrition rather than temperature and child nutrition. We show that controlling for household size
number of household members) and the household’s dependency ratio does not affect the magnitude or significance of our results.

Second, given the seasonal nature of health and well-being, one may be concerned about unaccounted for seasonality in child
utrition stemming from a child’s date of birth. Our fixed effects control locally for the month and year of measurement, which we
xpect to pick up most time-varying confounders. Our main models also include local month of birth controls as well as universal
ear of birth controls. Localized date-of-birth controls, however, would be collinear with our exposure of interest and absorb our
dentifying variation. In the robustness checks, we show that the direction of the effect remains the same when including universal
ear-month (of birth) controls, but as expected, the effect decreases in magnitude and the standard errors increase. We experience
n even larger loss of identifying variation when we restrict the sample to a single country. In these cases, all our controls become
ocalized, including the year of birth controls, which absorb much (if not most) of the identifying variation. The result is that the
ingle country estimates are jumpy and inaccurately estimated, while the four-country estimates are more consistent with the main
ffect from our preferred specification.

An additional concern for the HAZ models may be that there are differences between neighborhoods within cells that might
ias our estimates. We conduct an additional check by constructing fixed effects at the cluster level, and find no differences in the
stimates. We do not conduct this additional analysis for our WHZ model because eliminating all spatial variation only leaves us
ith day-of-month (i.e. within month) variation arising from differences in timing of the interview. However, our WHZ results are

obust to the inclusion of region-month-year fixed effects. Finally, due to concerns about over-fitting or mis-estimation as a result
f having only a small number of observations per fixed effect, we rerun each fixed effect specification restricting the sample to
bservations that share a fixed effect with at least five other observations. In all cases, our results are robust.
11
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Fig. 7. WHZ specification chart.

The length of the time period over which to consider the effects of heat exposure on acute malnutrition likely depends on the
echanism. The choice of the three month window reflects the trade-off between a window that is too short and in which heat

ffects may not yet be realized and a window that was is long and during which children may already have recovered. To test the
ensitivity of the time window, we additionally calculate exposure to a one-month, two-month, and six-month window and find that
he effects increase as the window increases, indicating that the longer a child is exposed to extreme heat, the worse the effects on
cute malnutrition.

Next, we consider whether our results are sensitive to the inclusion or exclusion of each county. We do this to address concerns
hat our results may be due to poorer countries being hotter and hence having worse child nutrition. We find Benin to be an
nomalous country: heat exposure has a negligible effect on WHZ and increases HAZ, by a sizable and statistically significant amount.
s noted above, the country-specific HAZ estimates are expectedly bouncy and imprecise because the models are over-specified as
result of the localization of the time-varying controls, which absorb much of the variation. This is particularly problematic for the

mallest countries in our sample – Benin and Togo – the countries for which we also have the least number of survey rounds. Benin
nd Togo also have the least reliable data of the five countries (both have a round of data excluded because of concerns about data
uality). However, the country-specific estimates for acute malnutrition, apart from Benin, are consistent with our main findings.

We also conduct a placebo test in which we randomly re-assign heat exposure. Within each country, we randomly assign each
hild to the weather variables of another child within the same country but from a different survey round, drawing with replacement.
e then rerun our main specifications for HAZ, stunting, WHZ, wasting, and severe wasting. Table 5 reports these results. We

stimate near zero effects for all of our weather variables.
Finally, we re-estimate the effect of heat exposure on child nutrition using day bins of extreme heat exposure instead of hour

ins. We calculate the average number of days per month (over a child’s life) that the maximum temperature exceeds 35 ◦C and
the average number of days per month (during the previous 90 days) with maximum temperatures above 30 ◦C, to match with the
temperature thresholds found in our HAZ and WHZ models. Table 6 reports these results. We find similar mean effects as when
using hour bins: The mean effect of >35 ◦C heat on HAZ is −0.11 SD when calculated using mean hours above 35 ◦C (67 h) and
−0.11 SD when calculated using mean days with max temperatures above 35 ◦C (8 days). The mean effect on WHZ of 30–35 ◦C
eat is −0.19 SD when calculated using mean hours of 30–35 ◦C (185 h) and −0.17 SD when calculated using mean days with max

◦

12

emperatures above 30 C (21 days).
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Table 5
Placebo tests using randomly reassigned weather variables.

HAZ Stunted WHZ Wasted Sev wasted
(1) (2) (3) (4) (5)

Hours 25–30 0.016 0.003 −0.002 0.002 0.001
(0.025) (0.007) (0.017) (0.005) (0.003)

Hours 30–35 0.016 −0.002 0.006 0.001 −0.001
(0.030) (0.009) (0.016) (0.004) (0.003)

Hours >35 0.022 −0.007 0.021 −0.004 −0.002
(0.033) (0.010) (0.021) (0.006) (0.004)

FE Yes Yes Yes Yes Yes

N 32,036 32,036 32,036 32,036 32,036
R2 0.60 0.51 0.28 0.22 0.10
Mean −1.28 0.32 −0.60 0.14 0.05

Notes: Weather variables are randomly drawn with replacement from the other survey years within the same
country. Hour-degree bins are relative to the omitted bin, <25 ◦C. Hours are mean hours, in hundreds, per month
over the exposure window. Fixed effects are cell by year by month for (1) and (2) and region by month and
region by year for (3)–(5). See Empirical Strategy for full list of controls. Spatial-HAC standard errors are in
parentheses. ***𝑝 < 0.01, **𝑝 < 0.05, *𝑝 < 0.1.

Table 6
Effects of heat on child nutrition using hour bins and day bins.

HAZ WHZ

(1) (2) (3) (4)

Hours 25–30 −0.100 −0.004
(0.141) (0.036)

Hours 30–35 −0.038 −0.099***
(0.111) (0.035)

Hours >35 −0.168 0.029
(0.122) (0.052)

Days >30 −0.008**
(0.003)

Days >35 −0.014*
(0.008)

FE Yes Yes Yes Yes

N 32,036 32,036 32,036 32,036
R2 0.60 0.60 0.28 0.28
Mean −1.28 −1.28 −0.60 −0.60

Notes: Exposure window is lifetime for HAZ models and previous three months for WHZ models. Hour-degree
bins are relative to the omitted bin, <25 ◦C. Hours are mean hours, in hundreds, per month over the exposure
window. Day-degree bins are mean days per month with max temperatures above the threshold over the relevant
exposure window. Fixed effects are cell by month by year for HAZ models, and region by month and region
by year for WHZ models. See Empirical Strategy for full list of controls. Spatial-HAC standard errors are in
parentheses. ***𝑝 < 0.01, **𝑝 < 0.05, *𝑝 < 0.1.

Table 7
Heat exposure and children’s illness.

Lifetime exposure Last 90 days exposure

Diarrhea Fever Diarrhea Fever
(1) (2) (3) (4)

Hours 25–30 −0.038 −0.090** −0.006 −0.000
(0.036) (0.038) (0.013) (0.015)

Hours 30–35 −0.050* −0.075** 0.008 0.018
(0.026) (0.031) (0.013) (0.014)

Hours >35 −0.022 −0.065** 0.007 −0.043**
(0.030) (0.030) (0.020) (0.019)

FE Yes Yes Yes Yes

N 31,740 31,740 31,740 31,740
R2 0.36 0.50 0.28 0.43

Notes: Hour-degree bins are relative to the omitted bin, <25 ◦C. Hours are mean hours, in hundreds, per month
over the exposure window. Fixed effects are cell by month by year in (1)–(2) and region by month and region
by year in (3)–(4). See Empirical Strategy for full list of controls. Spatial-HAC standard errors are in parentheses.
***𝑝 < 0.01, **𝑝 < 0.05, *𝑝 < 0.1.
13
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Table 8
Heat exposure, water source, latrine and child nutrition.

HAZ WHZ

(1) (2) (3) (4) (5) (6)

Hours 25–30 −0.098 −0.098 −0.097 −0.004 −0.004 −0.004
(0.141) (0.141) (0.141) (0.036) (0.036) (0.036)

Hours 30–35 −0.038 −0.037 −0.037 −0.112*** −0.107*** −0.117***
(0.111) (0.111) (0.111) (0.040) (0.036) (0.040)

Hours >35 −0.191 −0.177 −0.197 0.031 0.031 0.032
(0.122) (0.122) (0.122) (0.052) (0.052) (0.052)

Heat × Well 0.022 0.020 0.014 0.012
(0.052) (0.052) (0.025) (0.025)

Heat × Piped 0.070 0.054 0.025 0.017
(0.071) (0.071) (0.028) (0.029)

Heat × Latrine 0.070 0.062 0.029 0.027
(0.060) (0.060) (0.020) (0.021)

FE Yes Yes Yes Yes Yes Yes

N 32,036 32,036 32,036 32,036 32,036 32,036
R2 0.60 0.60 0.60 0.28 0.28 0.28

Notes: Hour-degree bins are relative to the omitted bin, <25 ◦C. Hours are mean hours, in hundreds, per month
over the exposure window. Heat refers to <35 in (1)–(3) and 30–35 in (4)–(6). Fixed effects are cell by month
by year in (1)–(3) and region by month and region by year in (4)–(6). See Empirical Strategy for full list of
controls. Spatial-HAC standard errors are in parentheses. ***𝑝 < 0.01, **𝑝 < 0.05, *𝑝 < 0.1.

5.4. Mechanisms

High temperatures can affect child nutrition in many ways. Heat can cause direct, physiological effects on children by causing
heat stress, or can indirectly affect growth via infectious disease or inadequate food availability. Importantly, the mechanisms
through which heat shocks affect chronic malnutrition may not be the same as those that affect acute malnutrition. Chronic and acute
malnutrition reflect different types of nutritional challenges. Chronic malnutrition reflects prolonged periods of insufficient nutrient
intake with permanent consequences for growth potential; acute malnutrition reflects shorter periods of insufficient nutrition from
which children can recover. For example, chronic malnutrition could be caused by long-term insufficient caloric intake as a result of
heat-induced crop failure, while acute malnutrition could result from heat-induced food spoilage causing short-term illness. Different
mechanisms would also be consistent with different heat thresholds, as we find in this paper.

In this paper, we take an exploratory approach to examining the long-term nutritional impacts of exposure to high heat by
assessing lifetime exposure. This approach proffers insight into the cumulative effects of extreme heat exposure with the drawback of
not being able to precisely identify mechanisms. A comprehensive analysis of mechanisms would require a different methodological
approach, for example, using high frequency data in order to trace intermediate impacts and household decisions over time, an
analysis that is outside of the scope of this paper. Instead, we look at a few possible intermediate outcomes for which we have
data and examine vulnerable subgroups to assess the likelihood of some plausible mechanisms. Our age-specific results indicate
increased vulnerability to heat between six and twelve months. This suggests that indirect mechanisms, such as increased disease or
reduced agricultural output, are more likely than a direct, physiological effect of heat stress, which would be more likely to appear
immediately after birth when thermal regulation systems are least developed. We use the DHS data to further examine sources of
heterogeneity to generate insight into likely mechanisms. The DHS surveys do not collect comprehensive data about all possible
mechanisms, but they do allow for an exploratory analysis of some likely mechanisms.

We start by considering whether heat exposure is associated with a higher incidence of diarrhea or fever. We examine heat
exposure over the same windows as our malnutrition models—that is, we examine whether prolonged heat exposure affects
symptoms of disease in the previous two weeks. In modeling diarrhea and fever in this way, we are assessing how susceptible
children with prolonged heat exposure are to symptoms of common diseases: diarrheal disease and malaria (for which one of the
most common symptoms is fever). For example, longer term heat exposure may affect food quality or quantity, thereby weakening
immune systems and leading to higher susceptibility to illness. Alternately, warm environments may increase the prevalence of
disease-causing pathogens or vectors. Long periods of high temperatures could lead to repeated incidences of disease, thereby
increasing child malnutrition. Thus a limitation of this analysis is that we cannot disentangle the extent to which disease may
be a cause or an effect of heat-linked undernutrition.

In Table 7, Columns (2) and (4), we show that warm temperatures decrease the prevalence of fever, suggesting that malaria is an
unlikely mechanism. As a second test of the malaria hypothesis, we test whether the effects of heat exposure on acute malnutrition
and on fever are larger in areas or time periods with higher rainfall. We do not find evidence that the effects of heat on malnutrition
come about through effects on malaria (see Appendix C). That fever appears to be less common after warmer spells may be because
the hotter it is, the more likely that the wet breeding grounds preferred by mosquitoes (the malaria vector) will dry up.

We also do not find evidence that prolonged heat exposure increases the incidence of diarrheal disease (Table 7, Columns (1)
and (3)). However, this does not necessarily exclude disease as a potential channel. To better understand if disease is a possible
14

intermediate outcome, we examine heterogeneity by household sanitation. If the effects of heat on chronic malnutrition materialize
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by making the environment more hospitable to disease-carrying pathogens, we would expect to see larger effects of heat exposure on
nutrition among children from households with poor sanitation. In Table 8, we do not find evidence that the effects of extreme heat
on chronic or acute malnutrition are significantly larger in households without improved water or sanitation, although the direction
of the coefficients suggests some attenuation in the improved-sanitation households. An environmental link would be consistent with
the age-heterogeneity findings. Children start becoming mobile around six months, increasing direct contact with their environment
(and hence disease-carrying, water- and soil-borne pathogens).

Next, we consider how heat exposure affects protein consumption. We use data on dietary recall in the past 24 h and in the
ast seven days to determine whether heat exposure decreased consumption of animal source protein (ASP) among children >6
onths.11 We find that lifetime heat exposure is associated with reduced consumption of ASP, which is consistent with several
ossible channels. First, heat stress affects the supply of animal source protein through decreased milk and egg production and
ncreased livestock mortality (for a review, see St-Pierre et al. (2003)). Second, heat stress may affect demand through effects on
gricultural income which may in turn affect quality or quantity of food availability in the household, as well as intrahousehold
llocation of food. Third, during and after illness, children’s food consumption is reduced (Paintal and Aguayo, 2016). Thus, heat
hocks may lead to reduced ASP consumption if heat induces illness. However, it is impossible to distinguish between reduced
SP consumption as a channel through which heat affects chronic malnutrition or an outcome thereof. The results are reported in
ppendix C.

Finally, we examine heterogeneity across agricultural households, wealth, space, and typical heat exposure. We do not have data
n agricultural production or income, so we cannot test for the direct effects of heat on either. There is no evidence of heterogeneous
ffects in the acute malnutrition models. In the case of chronic malnutrition, we find qualitative evidence that the effects are larger in
ural areas but do not find that the effects of heat exposure are more concentrated among children from agricultural or low-income
ouseholds (see Appendix C). This suggests that the effects we estimate are less likely to have come about through agricultural
hannels: agrarian households should be more affected through reduced income than non-agrarian households, and higher income
ouseholds should be less vulnerable to food shortages than low-income households. Thus, while prior work on yields suggests that
mpacts through agricultural channels are plausible (Schlenker and Lobell, 2010; Schlenker and Roberts, 2009), it is likely that the
ay we measure heat exposure does not capture this mechanism. The final source of heterogeneity that we examine is typical heat
xposure (using hours above 35 ◦C between 1990 and 1999). We find, qualitatively, that the effects on chronic malnutrition are
maller in typically warmer areas and effects on acute malnutrition are larger. We suspect that typical heat exposure here is likely
orrelated with other geographic and economic factors and that understanding adaptation likely requires a more nuanced approach,
hich we leave to future work.

Together, these results suggest that the long-term effects of heat exposure on chronic malnutrition likely come about through
combination of channels. Children are most vulnerable to the effects of heat during the six to 12 month age period, when their

xposure to potential pathogens through the environment, food, and water increases. Decreased ASP consumption likely plays a role
s a mechanism and as an outcome: heat may decrease availability or access to ASP with negative effects on child nutrition, and at
he same time, malnourished children may be allocated less protein in favor of more physically capable household members when
esources are scarce, which may in turn exacerbate effects on nutrition. While we do not explicitly find evidence in support of an
gricultural mechanism, prior work suggests it is likely an important component as well. Unfortunately, our data is far from ideal for
tudying all of the potential mechanisms in depth, which precludes us from making definitive statements about which mechanisms
re or are not at play.

.5. Projected effects on nutrition from rising temperatures

Temperatures in Africa have been rising since the 1970s (Collins, 2011) and are expected to continue rising (Hulme et al., 2001;
hristensen et al., 2007; IPCC, 2017), with particularly deadly consequences in West Africa (Mora et al.). The most recent report of
he Intergovernmental Panel on Climate Change (IPCC) lays out four potential greenhouse gas trajectories, termed Representative
oncentration Pathways (RCPs), projecting likely changes in temperature and precipitation by 2100. Under the most conservative
cenario, RCP2.6, global temperatures will rise 1 ◦C by 2100 relative to 1986–2005. Under the least conservative scenario, RCP8.5,
emperatures will rise 3.7 ◦C (IPCC, 2017). As such, we consider three simple scenarios of rises of 1, 2, and 3 ◦C, which fall within
he range of warming scenarios predicted by the IPCC.

We calculate the mean number of hours in the 30–35 ◦C range and above 35 ◦C if temperatures were to rise 1, 2, or 3 ◦C
nd estimate the effect of mean level of heat exposure on HAZ, stunting, WHZ, and wasting. We assume that the effect of heat on
nthropometric measures remains constant over time as do the effects of our other control variables.

Fig. 8 plots our projected mean effects calculated using the mean number of hours exposed to 30–35 ◦C and above 35 ◦C if
emperatures were to rise 1, 2 or 3 ◦C. Note that the mean effects on HAZ and stunting are from heat exposure above 35 ◦C and
ean effects on WHZ and wasting are from 30–35 ◦C heat exposure. If temperatures rise 2 ◦C, the mean effect on the stunting rate
ill almost double, rising from a 4.0 percentage point increase to a 7.4 percentage point increase while the mean effect on wasting
ill rise from 4.1 percentage points to 6.2 percentage points.

11 Six months is the age when children are encouraged to transition from exclusive breastfeeding to complementary foods.
15
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Fig. 8. Estimated mean effects of lifetime exposure above 35 ◦C on HAZ and the stunting rate and of exposure to 30–35 ◦C heat on WHZ and the wasting rate
under various warming scenarios.

6. Conclusions

This paper explores the relationship between temperature and nutrition in early childhood as measured by HAZ (stunting) and
WHZ (wasting). We find evidence to suggest that heat affects both chronic and acute malnutrition but at different temperature
thresholds. We find that for a 100 h increase in mean monthly lifetime exposure to temperatures above 35 ◦C, HAZ decrease by
about a fifth of a standard deviation. For a 100 h increase in monthly mean exposure in the last 90 days to 30–35 ◦C heat, WHZ
decrease by a tenth of a standard deviation. That the magnitude of these effects are striking becomes apparent when considering
the magnitude of the effects of other well-known predictors of nutrition. For example, one year of mother’s education increases HAZ
by just 0.02 SD and increases WHZ by 0.01 SD. The difference in HAZ between two wealth quintiles is, on average, smaller than
the effect of 100 h of >35 ◦C heat on HAZ.

We find evidence of substantial heterogeneity in the heat-nutrition relationship across ages. The permanent effects of heat
exposure on growth faltering materialize between 6 and 12 months of age while the effects on WHZ are largest among children aged
9–15 months, exceeding −0.2 SD per 100 h increase in mean monthly exposure to 30–35 ◦C heat. That the effects fail to appear in
the youngest children in our sample (3–6 months) suggests that a direct heat effect is less likely. (Direct, physiological effects of heat
would probably be largest at the youngest ages when the body’s heat regulation mechanisms are least developed.) Rather, that effects
start appearing around 6 months, reaching their maximum magnitude around 12 months, suggests that alternate mechanisms are
likely at play. At six months, children transition from exclusive breastfeeding to complementary foods. Thus children are at increased
risk of contracting water-borne pathogens because of a loss of the passive immunity that a mother’s breastmilk offers and because
of direct contact with potential pathogens through food and drink. High temperatures may exacerbate this because warm water
is more hospitable to such pathogens and because humans need to drink more water when it is warm out. As six months is also
the age at which children start becoming mobile, they may also be exposed to more pathogens through direct contact with their
environment.

Using the DHS data, we explore possible disease and agricultural mechanisms. We do not find that heat-exposed children are
more likely to be ill but do find that they consume less animal source protein (although we cannot distinguish between this being a
mechanism or an outcome of heat-induced undernutrition). Our results qualitatively support the hypothesis that poor sanitation and
rural location exacerbate the negative effects of heat on chronic nutrition, yet we do not find that the effects worsen in low-income
or agricultural households. While our analysis is not designed to capture agricultural channels (as we do not distinguish between
heat during growing and non-growing seasons) the findings of Schlenker and Roberts (2006), which show decreasing agricultural
yield with increasing temperature, suggest the possibility of an agricultural channel.

We leave two related areas for future research. The first is differentiating between heat exposure that is the result of a short
period of extreme heat (ie a heat wave) followed by a cooler period versus heat exposure that comes about from a prolonged period
of medium hot temperatures. These different types of heat exposure with equivalent cumulative measures of heat exposure are
likely to affect child nutrition through different mechanisms. The second area is a comprehensive analysis of mechanisms. High
frequency data on intermediate outcomes including child health, health-seeking behavior, food availability and allocation within
the household, and data on other related environmental and economic factors would help in disentangling mechanisms.

Our results are concerning given that temperatures across SSA are rising and are expected to continue rising for several decades
(Hulme et al., 2001), which will increase the magnitude of the mean effects of heat exposure on nutritional outcomes. Across our
study period, the mean country-level reduction in stunting was 5.8 percentage points. We estimate that a 2 ◦C rise in temperature will
almost double the mean effect of lifetime heat exposure on the prevalence of stunting, from 4.0 percentage points to 7.4 percentage
16

points, reversing the progress made in reducing stunting across the study period. Given this, strategies to reduce child undernutrition
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will need to take into account the increased need for health and nutrition programs arising during periods of prolonged heat
exposure.
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ppendix A. DHS data

Table 9 details the available geocoded survey rounds of DHS data in the five study countries.

ppendix B. Detailed results

Table 10 reports means of our demographic control variables by lifetime exposure. We split the sample by whether the number
f hours above 35 ◦C is less than the mean (Column 1) or greater than or equal to the mean (Column 2). We find significant
ifferences (Column 3) across the sample, as expected, but these differences mostly disappear after including the cell by month by
ear fixed effects (Column 4). Small differences remain within wealth and birth-size sub-categories and apart from that, only age
hows a significant adjusted difference. It is not clear why this difference emerges, but our flexible age controls adjust for this likely
purious heat-age relationship in our main analysis.

Table 11 reports the full results from our main models: HAZ (and stunting) on lifetime heat exposure and WHZ (and wasting
utcomes) on heat exposure in the last 90 days. As is in line with standard nutrition models, our regression results predict higher
nthropometric scores for girls, for children who were larger than average at birth, whose mothers are taller and better educated,
nd who come from wealthier households with piped water, and improved latrines.

Table 12 reports the age-specific coefficient estimates and SE from our models on heat exposure on anthropometric measures.
olumns (1) and (2) report the age-effects of exposure to temperatures above 35 ◦C on HAZ and stunting as shown in Fig. 4. Columns

(3) and (4) report the age-effects of recent exposure to 30–35 ◦C temperatures on WHZ and wasting as shown in Fig. 5.

ppendix C. Mechanisms

To further examine malaria as a potential mechanism for the effects of heat on acute malnutrition, we examine several sources
f heterogeneity. First, we examine whether effects of heat on WHZ are larger in rainier areas. We construct a crude rainy season
ndicator that takes the value one if precipitation during the past three months was above the sample median rainfall and zero
therwise. Table 13, Columns (1) and (2) shows that while acute malnutrition is worse among children in rainier areas, the effects
f heat on WHZ are actually smaller during the rainy season. We then interact heat with the precipitation level, and again, do not
ind evidence that the effects of heat exposure on WHZ vary by precipitation level (Column (3)). Finally, we re-examine fever, a

Table 9
DHS surveys.

Country Year Survey Recode Anthropometric sample Regiona Clusters missing
GPS data

Benin 1996 DHS-III DHS-III Children 0–35 born to interviewed mothers N 0/200
2001 DHS-IV DHS-IV Children 0–59 in household N 0/247
2011–2012b DHS-VI DHS-VI N/A Y 4/750

Burkina Faso 1993 DHS-II DHS-II Children 0–59 born to interviewed mothers N 0/230
1998–1999 DHS-III DHS-III Children 0–59 born to interviewed mothers N 2/210
2003b DHS-IV DHS-IV Children 0–59 in household N 3/400
2010 DHS-VI DHS-VI Children 0–59 in household Y 32/572

Côte d’Ivoire 1994 DHS-III DHS-III Children 0–35 born to interviewed mothers N 0/246
1998–1999 DHS-III DHS-III Children 0–59 born to interviewed mothers N 0/140
2011–2012 DHS-VI DHS-VI Children 0–59 in household Y 10/352

Ghana 1993 DHS-III DHS-II Children 0–35 born to interviewed mothers N 0/400
1998 DHS-IV DHS-III Children 0–59 born to interviewed mothers N 0/400
2003 DHS-IV DHS-IV Children 0–59 in household N 2/412
2008 DHS-V DHS-V Children 0–59 in household N 7/412
2014 DHS-VII DHS-VI Children 0–59 in household Y 4/427

Togo 1988b DHS-I DHS-I Children 0–36 born to interviewed mothers N 0/153
1998 DHS-III DHS-III Children 0–59 born to interviewed mothers N 1/288
2013–14 DHS-VI DHS-VI Children 0–59 in household Y 0/330

aRegion boundaries sometimes changed between survey rounds. This indicates the survey round from which we used administrative boundaries
to define regions.
bAnthropometric data is poor quality so this survey round was not included in the final sample.
17
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Table 10
Balance of covariates across low and high heat exposure (sample split by the mean of hours above 35 over
lifetime).

Hours >35 (lifetime) Less than mean Greater than mean Diff Adj diff
(1) (2) (3) (4)

Child is female 0.500 0.495 −0.006 −0.007
(0.500) (0.500) (0.006) (0.014)

Child’s age (mon) 17.902 18.668 0.767*** 5.309***
(9.707) (9.302) (0.109) (0.265)

Eldest child 0.210 0.175 −0.035*** 0.009
(0.407) (0.380) (0.005) (0.011)

Child birth size: Very large 0.155 0.122 −0.034*** −0.007
(0.362) (0.327) (0.004) (0.009)

Child birth size: Large 0.284 0.245 −0.039*** 0.023**
(0.451) (0.430) (0.005) (0.012)

Child birth size: Medium 0.408 0.464 0.057*** −0.016
(0.491) (0.499) (0.006) (0.013)

Child birth size: Small 0.106 0.119 0.013*** 0.003
(0.308) (0.324) (0.004) (0.009)

Child birth size: Very small 0.047 0.050 0.003 −0.003
(0.211) (0.217) (0.002) (0.006)

Mother’s height (cm) 158.735 160.681 1.946*** −0.155
(6.304) (6.261) (0.072) (0.170)

Mother’s educ (yr) 3.032 1.064 −1.969*** −0.076
(3.965) (2.625) (0.040) (0.078)

Mother’s age (yr) 28.518 28.879 0.361*** 0.133
(6.808) (6.964) (0.078) (0.188)

Water source: well 0.418 0.698 0.280*** 0.005
(0.493) (0.459) (0.005) (0.010)

Water source: piped 0.358 0.169 −0.189*** −0.005
(0.479) (0.375) (0.005) (0.009)

Improved latrine 0.311 0.112 −0.198*** −0.006
(0.463) (0.316) (0.005) (0.008)

Wealth quintile: 1 0.208 0.267 0.059*** 0.014
(0.406) (0.442) (0.005) (0.010)

Wealth quintile: 2 0.194 0.215 0.021*** −0.024***
(0.395) (0.411) (0.005) (0.010)

Wealth quintile: 3 0.208 0.208 −0.000 0.000
(0.406) (0.406) (0.005) (0.011)

Wealth quintile: 4 0.195 0.185 −0.010** 0.003
(0.396) (0.389) (0.004) (0.010)

Wealth quintile: 5 0.195 0.126 −0.070*** 0.007
(0.397) (0.331) (0.004) (0.010)

N 15,220 16,816 32,036 32,036

Notes: Differences (3) come from a t-test. Adjusted differences (4) are the coefficient estimates from a regression
with cell by month by year fixed effects. ***𝑝 < 0.01, **𝑝 < 0.05, *𝑝 < 0.1.

common symptom of malaria. In Columns (4) and (5) we show that the effects of heat on fever do not vary by rainy season. We do
find a direct effect of rain on acute malnutrition, as expected, indicative of malaria. However, we do not find evidence to suggest
that the effects of 30–35 ◦C heat on acute malnutrition arise through effects on malaria.

Table 14 shows that animal source protein (ASP) consumption is lower among children with higher heat exposure. This is
onsistent with the literature that shows that ASP consumption is associated with better child nutrition (Headey et al., 2018),
nd is consistent with several possible mechanisms. Heat may directly affect the supply of ASP consumption via effects on livestock
ealth (St-Pierre et al., 2003); it may also affect the demand-side factors. Demand may decrease if agricultural incomes decrease,
r if children are already sick or malnourished as food consumption falls during and after illness (Paintal and Aguayo, 2016). We
how that the effects are larger in rural households (Columns 3 and 6), which provides partial support to the agricultural income
hannel hypothesis, but does not necessarily rule out other mechanisms.

Table 15 explores an agricultural channel by examining whether the effects of heat exposure on chronic and acute malnutrition
ary by parental employment in agriculture. While we find that parental employment in agriculture explains some of the main effects
f heat on both chronic and acute malnutrition, we do not find that effects are substantially larger among agricultural households.
ather, maternal employment in agriculture mitigates the effects of extreme heat on chronic malnutrition. Neither paternal nor
aternal employment in agriculture explains the effects of heat on acute malnutrition.

Finally, to further explore an agricultural mechanism, we examine whether the effects of heat on child malnutrition vary
y rurality or by low-income status (Table 16). While rural location and low-income status are important determinants of child
18
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Table 11
Full regression results.

HAZ Stunted WHZ Wasted Sev wasted
(1) (2) (3) (4) (5)

Hours 25–30 −0.100 0.034 −0.004 −0.006 −0.003
(0.141) (0.038) (0.036) (0.010) (0.005)

Hours 30–35 −0.038 0.008 −0.099*** 0.022*** 0.014***
(0.111) (0.032) (0.035) (0.008) (0.005)

Hours >35 −0.168 0.059** 0.029 −0.002 −0.014
(0.122) (0.030) (0.052) (0.015) (0.009)

Prcp 100–200 mm 0.084*** −0.034*** −0.002 −0.000 −0.003
(0.032) (0.009) (0.041) (0.009) (0.005)

Prcp 200–300 mm 0.073 −0.048* 0.033 −0.009 −0.011
(0.101) (0.028) (0.061) (0.014) (0.008)

Prcp >300 mm −0.111 −0.005 0.114 −0.021 −0.015
(0.213) (0.051) (0.110) (0.023) (0.016)

Child is female 0.258*** −0.071*** 0.123*** −0.032*** −0.016***
(0.017) (0.005) (0.014) (0.004) (0.002)

Child’s age: 4 0.012 −0.007 −0.136** 0.031** 0.006
(0.076) (0.015) (0.060) (0.015) (0.009)

Child’s age: 5 0.037 −0.035** −0.288*** 0.043*** 0.018*
(0.066) (0.015) (0.063) (0.015) (0.010)

Child’s age: 6 −0.006 −0.023 −0.311*** 0.050*** 0.010
(0.072) (0.017) (0.058) (0.015) (0.009)

Child’s age: 7 0.050 −0.033* −0.545*** 0.089*** 0.039***
(0.074) (0.017) (0.063) (0.016) (0.011)

Child’s age: 8 −0.110 −0.013 −0.507*** 0.092*** 0.025**
(0.075) (0.019) (0.063) (0.016) (0.010)

Child’s age: 9 −0.254*** 0.016 −0.537*** 0.097*** 0.041***
(0.084) (0.020) (0.066) (0.018) (0.010)

Child’s age: 10 −0.332*** 0.035* −0.620*** 0.119*** 0.047***
(0.079) (0.019) (0.069) (0.017) (0.011)

Child’s age: 11 −0.563*** 0.067*** −0.573*** 0.092*** 0.027***
(0.091) (0.021) (0.065) (0.016) (0.010)

Child’s age: 12 −0.532*** 0.065*** −0.518*** 0.075*** 0.022**
(0.080) (0.021) (0.062) (0.017) (0.009)

Child’s age: 13 −0.551*** 0.067*** −0.492*** 0.068*** 0.034***
(0.079) (0.019) (0.066) (0.016) (0.011)

Child’s age: 14 −0.847*** 0.128*** −0.426*** 0.059*** 0.019*
(0.081) (0.021) (0.068) (0.017) (0.010)

Child’s age: 15 −0.799*** 0.139*** −0.279*** 0.021 0.009
(0.085) (0.020) (0.060) (0.016) (0.009)

Child’s age: 16 −0.902*** 0.179*** −0.253*** 0.020 0.004
(0.085) (0.023) (0.061) (0.015) (0.009)

Child’s age: 17 −0.930*** 0.171*** −0.270*** 0.004 0.005
(0.081) (0.021) (0.062) (0.015) (0.009)

Child’s age: 18 −1.043*** 0.218*** −0.273*** 0.003 0.002
(0.092) (0.025) (0.061) (0.015) (0.010)

Child’s age: 19 −0.927*** 0.185*** −0.141** −0.032** −0.003
(0.086) (0.023) (0.062) (0.015) (0.009)

Child’s age: 20 −1.148*** 0.247*** −0.160** 0.001 0.001
(0.090) (0.024) (0.065) (0.016) (0.009)

Child’s age: 21 −1.093*** 0.243*** −0.101* −0.026* −0.007
(0.094) (0.025) (0.058) (0.014) (0.009)

Child’s age: 22 −1.245*** 0.272*** −0.149** −0.005 0.005
(0.093) (0.027) (0.066) (0.015) (0.010)

Child’s age: 23 −1.276*** 0.296*** −0.123* −0.005 −0.013
(0.094) (0.027) (0.063) (0.016) (0.009)

Child’s age: 24 −1.080*** 0.251*** 0.036 −0.035** −0.014
(0.090) (0.025) (0.066) (0.015) (0.009)

Child’s age: 25 −1.045*** 0.250*** 0.042 −0.049*** −0.022***
(0.087) (0.025) (0.059) (0.014) (0.008)

Child’s age: 26 −1.026*** 0.251*** 0.090 −0.037*** −0.007
(0.092) (0.024) (0.061) (0.013) (0.008)

(continued on next page)
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Table 11 (continued).
Child’s age: 27 −0.985*** 0.230*** 0.105* −0.054*** −0.021**
(0.092) (0.026) (0.064) (0.014) (0.008)
Child’s age: 28 −1.106*** 0.271*** 0.210*** −0.071*** −0.023***

(0.092) (0.027) (0.061) (0.013) (0.008)
Child’s age: 29 −1.088*** 0.259*** 0.195*** −0.057*** −0.021***

(0.099) (0.028) (0.060) (0.013) (0.007)
Child’s age: 30 −1.107*** 0.282*** 0.190*** −0.062*** −0.025***

(0.106) (0.028) (0.057) (0.013) (0.008)
Child’s age: 31 −1.074*** 0.265*** 0.229*** −0.074*** −0.027***

(0.101) (0.029) (0.063) (0.013) (0.008)
Child’s age: 32 −1.099*** 0.289*** 0.189*** −0.075*** −0.021**

(0.099) (0.028) (0.064) (0.013) (0.008)
Child’s age: 33 −1.051*** 0.288*** 0.196*** −0.059*** −0.026***

(0.105) (0.030) (0.066) (0.014) (0.008)
Child’s age: 34 −1.061*** 0.271*** 0.327*** −0.090*** −0.031***

(0.106) (0.031) (0.065) (0.013) (0.008)
Child’s age: 35 −1.083*** 0.277*** 0.266*** −0.071*** −0.023***

(0.104) (0.030) (0.063) (0.013) (0.008)
Eldest child −0.004 0.004 0.024 −0.005 −0.004

(0.027) (0.008) (0.022) (0.006) (0.003)
Child birth size: Small 0.244*** −0.075*** 0.176*** −0.050*** −0.020**

(0.046) (0.014) (0.041) (0.012) (0.008)
Child birth size: Medium 0.469*** −0.125*** 0.382*** −0.087*** −0.038***

(0.040) (0.012) (0.037) (0.011) (0.007)
Child birth size: Large 0.656*** −0.173*** 0.614*** −0.120*** −0.050***

(0.044) (0.014) (0.036) (0.011) (0.007)
Child birth size: Very large 0.799*** −0.194*** 0.739*** −0.131*** −0.052***
Mother’s height (cm) 0.042*** −0.010*** 0.005*** −0.000 −0.000

(0.002) (0.000) (0.001) (0.000) (0.000)
Mother’s educ (yr) 0.020*** −0.005*** 0.013*** −0.003*** −0.001***

(0.004) (0.001) (0.003) (0.001) (0.000)
Mother’s age (yr) 0.008*** −0.002*** −0.003*** 0.001 0.000**

(0.002) (0.000) (0.001) (0.000) (0.000)
Water source: well 0.016 −0.011 −0.003 −0.006 −0.002

(0.028) (0.009) (0.023) (0.006) (0.003)
Water source: piped 0.073** −0.021* 0.057** −0.010 −0.006

(0.036) (0.011) (0.027) (0.007) (0.004)
Improved latrine 0.088*** −0.009 0.027 −0.010* 0.000

(0.030) (0.009) (0.021) (0.005) (0.003)
Wealth quintile: 2 0.079*** −0.025*** 0.033 −0.012* −0.008**

(0.027) (0.008) (0.025) (0.007) (0.004)
Wealth quintile: 3 0.143*** −0.045*** 0.048** −0.021*** −0.007*

(0.027) (0.008) (0.023) (0.006) (0.004)
Wealth quintile: 4 0.156*** −0.055*** 0.080*** −0.026*** −0.009**

(0.029) (0.009) (0.026) (0.007) (0.004)
Wealth quintile: 5 0.319*** −0.097*** 0.164*** −0.035*** −0.012***

(0.035) (0.010) (0.028) (0.007) (0.004)
In utero hrs 25–30 −0.396** 0.055

(0.154) (0.050)
In utero hrs 30–35 −0.440*** 0.075*

(0.127) (0.041)
In utero hrs >35 −0.493*** 0.077**

(0.127) (0.038)
In utero prcp 100–200 mm 0.035 −0.003

(0.029) (0.010)
In utero prcp 200–300 mm −0.074 0.018

(0.147) (0.042)
In utero prcp >300 mm −1.094 0.065

(1.108) (0.381)
Constant −7.329*** 1.845*** −2.752*** 0.534** −0.051

(1.657) (0.488) (0.446) (0.227) (0.083)
FE Yes Yes Yes Yes Yes

N 32,036 32,036 32,036 32,036 32,036
R2 0.60 0.51 0.28 0.22 0.10
Mean −1.28 0.32 −0.60 0.14 0.05

Notes: Hour-degree bins are relative to the omitted bin, <25 ◦C. Hours are mean hours, in hundreds, per month
over the exposure window. Fixed effects are cell by month by year for (1) and (2) and region by month and
region by year for (3)–(5). See Empirical Strategy for full list of controls. Spatial-HAC standard errors are in
parentheses. ***𝑝 < 0.01, **𝑝 < 0.05, *𝑝 < 0.1.
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Table 12
Age-specific effects of lifetime heat exposure on HAZ and stunting and recent heat exposure on WHZ and wasting.

Age group HAZ Stunted WHZ Wasted
(1) (2) (3) (4)

3–4 months −0.149 0.053* 0.011 0.010
(0.122) (0.028) (0.048) (0.011)

5–7 months −0.047 0.042 −0.061 0.016
(0.124) (0.030) (0.045) (0.010)

8–10 months −0.275** 0.079** −0.124*** 0.044***
(0.124) (0.033) (0.044) (0.011)

11–13 months −0.390*** 0.115*** −0.129*** 0.032***
(0.130) (0.032) (0.044) (0.010)

14–16 months −0.372*** 0.112*** −0.151*** 0.042***
(0.140) (0.034) (0.042) (0.010)

17–19 months −0.333** 0.118*** −0.125*** 0.025**
(0.147) (0.035) (0.043) (0.010)

20–22 months −0.368** 0.163*** −0.124*** 0.025**
(0.143) (0.035) (0.040) (0.010)

23–25 months −0.437*** 0.146*** −0.090** 0.016
(0.133) (0.033) (0.044) (0.010)

26–28 months −0.395*** 0.143*** −0.129*** 0.009
(0.139) (0.033) (0.041) (0.009)

29–31 months −0.490*** 0.177*** −0.079* 0.015*
(0.143) (0.034) (0.043) (0.009)

32–34 months −0.398*** 0.143*** −0.098** 0.005
(0.143) (0.036) (0.044) (0.010)

35–36 months −0.378** 0.165*** −0.054 0.016
(0.157) (0.043) (0.054) (0.011)

FE Yes Yes Yes Yes

N 32,036 32,036 32,036 32,036
R2 0.60 0.51 0.28 0.22

Notes: Age specific effects are 𝛽1 + 𝛽2 from Eq. (2). See Methods section for full list of controls. Fixed effects
include cell-month-year for (1) and (2) and region-month and region-year for (3) and (4). Spatial-HAC standard
errors are in parentheses. ***𝑝 < 0.01, **𝑝 < 0.05, *𝑝 < 0.1.

Table 13
Examining malaria as a mechanism for acute malnutrition.

WHZ Fever

(1) (2) (3) (4) (5)

Hours 25–30 −0.012 0.011 −0.009 −0.001 −0.000
(0.036) (0.042) (0.037) (0.015) (0.015)

Hours 30–35 −0.167*** −0.136*** −0.098 0.014 0.019
(0.044) (0.045) (0.061) (0.016) (0.014)

Hours >35 0.040 0.021 0.036 −0.042** −0.038**
(0.052) (0.053) (0.054) (0.019) (0.019)

Rainy season −0.216*** −0.226*** −0.005 0.011
(0.080) (0.083) (0.028) (0.023)

Hours 30–35 × Precipitation −0.003
(0.035)

Hours 30–35 × Rainy season 0.094*** 0.075** 0.004
(0.036) (0.035) (0.012)

Hours >35 × Rainy season −0.025
(0.020)

FE Yes Yes Yes Yes Yes

Sample All >6 months All All All
N 32,036 27,530 32,036 31,740 31,740
R2 0.28 0.29 0.28 0.43 0.43

Notes: Hour-degree bins are relative to the omitted bin, <25 ◦C. Hours are mean hours, in hundreds, per month
over the exposure window. Fixed effects are region by month and region by year. See Empirical Strategy for full
list of controls. Spatial-HAC standard errors are in parentheses. ***𝑝 < 0.01, **𝑝 < 0.05, *𝑝 < 0.1.

malnutrition, we do not find that they exacerbate the effects of heat exposure on child nutrition. Rather, we find that the effects
21

of extreme heat on chronic malnutrition are smaller among children from the poorest households, a finding that conflicts with
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Table 14
Effects of heat exposure on animal-source protein (ASP) consumption among children >6 months.

Lifetime exposure Last 90 days exposure

ASP 24 h ASP 7 d ASP 7 d ASP 24 h ASP 7 d ASP 7 d
(1) (2) (3) (4) (5) (6)

Hours 25–30 −0.370*** −0.197 −0.186 0.007 −0.003 −0.005
(0.119) (0.187) (0.190) (0.025) (0.051) (0.051)

Hours 30–35 −0.057 0.030 0.032 −0.021 −0.044 −0.022
(0.089) (0.123) (0.123) (0.022) (0.034) (0.037)

Hours >35 −0.250** −0.453*** −0.397** 0.001 −0.030 −0.025
(0.109) (0.172) (0.179) (0.031) (0.045) (0.042)

Rural −0.042 0.017
(0.031) (0.029)

Heat × Rural −0.056 −0.034**
(0.052) (0.016)

FE Yes Yes Yes Yes Yes Yes

N 17,470 8,347 8,347 17,470 8,347 8,347
R2 0.71 0.82 0.82 0.63 0.79 0.79
Mean 0.50 0.73 0.73 0.50 0.73 0.73

Notes: Outcomes are binary, indicating whether a child consumed animal source protein in the previous 24h or
7 days. Heat refers to >35 ◦C for HAZ; 30–35 ◦C for WHZ model. Hour-degree bins are relative to the omitted
bin, <25 ◦C. Hours are mean hours, in hundreds, per month over the exposure window. Fixed effects are cell by
month by year in (1)–(3) and region by month and region by year in Columns (4)–(6). See Empirical Strategy
for full list of controls. Spatial-HAC standard errors are in parentheses. ***𝑝 < 0.01, **𝑝 < 0.05, *𝑝 < 0.1.

Table 15
Heterogeneous effects by agricultural households.

HAZ WHZ

(1) (2) (3) (4)

Hours 25–30 −0.058 −0.102 0.004 0.001
(0.147) (0.142) (0.040) (0.037)

Hours 30–35 −0.044 −0.044 −0.075** −0.096***
(0.115) (0.110) (0.037) (0.036)

Hours >35 −0.165 −0.202 0.045 0.042
(0.131) (0.126) (0.053) (0.052)

Father in ag −0.077** −0.000
(0.030) (0.038)

Heat × Father in ag 0.032 −0.021
(0.035) (0.018)

Mother in ag −0.121*** −0.070
(0.036) (0.044)

Heat × Mother in ag 0.089** −0.002
(0.039) (0.020)

FE Yes Yes Yes Yes

N 30,859 31,740 30,859 31,740
R2 0.60 0.60 0.29 0.28

Notes: Heat refers to >35 ◦C for HAZ; 30–35 ◦C for WHZ model. Hour-degree bins are relative to the omitted
bin, <25 ◦C. Hours are mean hours, in hundreds, per month over the exposure window. Fixed effects are cell
by month by year in (1)–(2) and region by month and region by year in (3)–(4). See Empirical Strategy for full
list of controls. Spatial-HAC standard errors are in parentheses. ***𝑝 < 0.01, **𝑝 < 0.05, *𝑝 < 0.1.

an agricultural income or food-availability-price pathway. We also examine heterogeneity by average temperature, to determine if
children in warmer areas are better able to withstand high temperatures. The qualitative evidence suggests that the effect depends
on whether acute or chronic malnutrition are of interest, a finding that suggests more nuanced analysis is required. We leave this
to future work.
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Table 16
Heterogeneous effects by household wealth.

HAZ WHZ

(1) (2) (3) (4) (5) (6)

Hours 25–30 −0.095 −0.100 −0.093 −0.004 −0.004 −0.002
(0.141) (0.142) (0.142) (0.036) (0.036) (0.036)

Hours 30–35 −0.036 −0.036 0.017 −0.093** −0.098*** −0.086**
(0.111) (0.111) (0.116) (0.038) (0.035) (0.036)

Hours >35 −0.099 −0.205* −0.343** 0.032 0.029 0.040
(0.131) (0.124) (0.155) (0.051) (0.052) (0.052)

Rural −0.070 −0.033
(0.051) (0.046)

Heat × rural −0.084 −0.007
(0.064) (0.024)

Low-income −0.374*** −0.160***
(0.041) (0.045)

Heat × low-income 0.079** −0.002
(0.032) (0.018)

Hot area −1.001*** 0.287
(0.338) (0.226)

Heat × hot area 0.229 −0.134
(0.140) (0.092)

FE Yes Yes Yes Yes Yes Yes

N 32,036 32,036 32,036 32,036 32,036 32,036
R2 0.60 0.60 0.60 0.28 0.28 0.28

Notes: Heat refers to >35 ◦C for HAZ; 30–35 ◦C for WHZ model. Low-income is an indicator for being in the
bottom two wealth quintiles. Hot area means average annual hours >35 ◦C exceeded 1000 h during the 1990s.
Hour-degree bins are relative to the omitted bin, <25 ◦C. Hours are mean hours, in hundreds, per month over the
exposure window. Fixed effects are cell by month by year in (1)–(3) and region by month and region by year in
Columns (4)–(6). See Empirical Strategy for full list of controls. Spatial-HAC standard errors are in parentheses.
***𝑝 < 0.01, **𝑝 < 0.05, *𝑝 < 0.1.
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